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Abstract 
This paper proposes to use the nonlinear-autogressive models with exogenous input 
(NARX) model to predict the hysteretic behaviour of passive control systems. Although existing 
analytical hysteresis models such as the generalized Bouc-Wen (BW) model and the Bouc-Wen-
Baber-Noori (BWBN) model can be used to model the hysteretic behaviour of passive control 
systems, the generalized BW model fails to account the pinching or stiffness degradation of 
hysteretic systems and the BWBN model requires to tune considerable parameters before its 
application. Therefore, we propose this alternative approach to mimic the hysteresis response 
of passive control systems. The NARX model is the branch of artificial intelligence which is a 
promising tool for the forecasting of time series problems. We adopted the NARX model to 
predict the hysteretic behaviour with experimental results conducted on yielding shear panel 
device (YSPD) and steel slit damper (SSD), respectively. A good agreement between the 
experimental results on both YSPD and SSD and the prediction results was achieved. We also                                                         * Corresponding Author: Dr. Eric Wai Ming Lee, E-mail: ericlee@cityu.edu.hk, Fax: (852) 3442 0427, Tel.: (852) 3442 2307.  
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combined the NARX model and the general regression neural network (GRNN) as a hybrid 
model to predict hysteretic behaviour of the SSD of which the damper design was hidden from 
the model training process. The performance of using the hybrid model to predict the 
hysteretic behaviour of SSD is reasonably well. Finally, the applicability of the hybrid model has 
been successfully demonstrated through the optimisation of the geometrical parameters of the 
SSD. We concluded that the proposed NARX model is capable to predict the hysteretic 
behaviour of passive control systems. 
Keywords: Neural networks; NARX model; GRNN; hysteretic behaviour; passive control system 
1. Introduction 
The past two decades have seen the development of a number of different kinds of 
structural controls for minimizing the damage of the structures caused by earthquake excitation 
[1-2]. These structural controls can be broadly divided into passive control systems, active 
control systems and semi-control systems. Passive control systems, also known as passive 
energy dissipation systems refer to the systems which do not require any external source of 
power. It can be achieved by equipping the dampers or designated devices into the structures. 
In contrast, active control systems refer to the systems which require an external source of 
power to generate structural control forces. It can be achieved by equipping the real-time 
processing sensors with force delivery devices into the structures and semi-active control 
systems refer to the systems which require little power to change certain structural parameters. 
Unlike active control systems or the semi-active control systems, passive control systems do not 
require an external source of power, the reliability associated with power supply and computer 
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control during the earthquake event is thus eliminated [3]. In addition, by strategically locating 
the dampers or designated devices in the structure, replacement of the damaged dampers or 
designated devices can be carried out. Therefore, the passive energy dissipation systems have 
been considered as an inexpensive and effective way to mitigate the risks caused by earthquake 
excitation to the structures. 
A number of passive energy dissipation devices such as ADAS [4], SSD [3], YSPD [5] and 
TTD [6] which rely on plastic behavior of metals have been proposed. They are usually 
incorporated in framed structures by connecting the devices between brace systems and floor 
beams as shown in Figure 1. The resulting combined lateral stiffness is equivalent to the 
stiffness of the device and the brace connected in series, in addition to the stiffness of the 
structure. Hence, the inclusion devices will alter the structural response of the parent frame 
since the natural frequencies of the structure are modified, and the device will introduce 
hysteretic damping. Modelling of hysteretic behaviours is important especially in the field of 
structural engineering as it is impractical to obtain the performances of the dampers solely by 
experimental approach. It is costly and time consuming especially in optimizing the designs of 
the dampers. Therefore, this study not only applies the NARX model to mimic the hysteretic 
response of the passive control systems but also demonstrate how to optimize the geometrical 
parameters of the passive control systems. The hysteretic behaviour of the passive dampers 
can be described by different mathematical models [7-11]. The analytical description of 
hysteretic response was first formulated by Bouc [12] and later generalized by Wen [7] as the 
generalized Bouc-Wen (BW) model. The generalized BW model proposed by Wen [7] was 
further extended to the Bouc-Wen-Baber-Noori (BWBN) hysteretic model [8-11] as the BW 
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model does not include the properties of pinching and stiffness degradation. The BWBN is thus 
one of the famous models for simulating the hysteretic systems because it provides smooth 
hysteretic and also account for pinching and stiffness degradation.  
(Proposed location of Figure 1) 
This section introduced the passive energy dissipation systems and the importance of 
the modelling of hysteretic behaviour. The next section briefly describes the design of the 
yielding shear panel device (YSPD) employed for the model development in this study. Section 3 
explains the reason of using artificial intelligence to predict the hysteretic behaviour of passive 
control systems. Section 4 introduces the design of the nonlinear-autogressive models with 
exogenous input (NARX) model, both of the architecture and algorithms of the NARX model will 
be covered. Section 5 reports the results of the hysteretic behaviour modelled by the NARX 
model. In section 6, we combine the NARX model and general regression neural network 
(GRNN) as a hybrid model and use it to predict the steel slit damper (SSD) of which the damper 
design was hidden from the model training process. We also demonstrated the applicability of 
the hybrid model through the optimisation of the geometrical parameters of the SSD in section 
7. Finally, section 8 provides a conclusion of this paper. 
2. The design of yielding shear panel device (YPSD) and its test 
The design of the YPSD is shown in Figure 2. It is fabricated from a short segment of a 
square hollow section (SHS) with a steel diaphragm plate welded inside the SHS. The YSPD acts 
in shear as the parent frame structure undergoes lateral deformation. The input energy is 
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dissipated through shear yielding of the diaphragm plate while the relative horizontal 
displacement between the top and bottom connections of the plate is sufficiently large. 
(Proposed location of Figure 2) 
Table 1 summaries the details of the test specimens prepared for the test reported in [5]. 
There are two different SHS sections (i.e., 100 x 100 x 4 and 120 x 120 x 5), three diaphragm 
plate thicknesses (i.e., 2, 3 and 4 mm) were used and total 19 tests carried out on the YSPD 
were reported in [5]. The nomenclature used in the test is D - tM or D – tC / D – tCS, where D 
indicates the size of the SHS section (i.e., 100 or 120mm), t is the thickness of the diaphragm 
plate (i.e., 2, 3 or 4 mm). The letter M and C represent the monotonic test and cyclic test, 
respectively. The letter S represents a stiffened section. 
 (Proposed location of Table 1) 
Figure 3 shows the experimental setup.  The setup was designed and fabricated to 
ensure the verticality of the applied load.  Forced displacement was applied by an MTS 100 kN 
capacity computer-controlled actuator quasi-statically to the specimen via the L-beam, where a 
pantograph system was attached to prevent its in-plane rotation. The test specimens were 
securely fastened by four M16 bolts on each side. The complete test setup rested on a 40-ton 
reaction frame which was significantly stiffer. A free-run of the setup indicated that effect of 
friction and gravity was negligible. 
(Proposed location of Figure 3) 
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Experiment was carried out for each specimen to obtain the transmitted shear force 
through the damper under the specified forced displacement with 3 consecutive cycles 
performed at each amplitude (i.e., 0.5, 1.0, 3.0, 5.0, 10.0, and 20.0mm). The time history of the 
forced displacement and the induced shear force across the dampers were recorded. Readers 
may refer to [5] for the details of the experiment. 
3. The reason of using Nonlinear-Autoregressive-Exogenous (NARX) model to predict the 
hysteretic behaviour 
Li et al. [13] successfully applied the BWBN model to simulate the hysteretic behaviour 
of the yielding shear panel device (YSPD) designed by [5]. The BW model owns the feature of 
versatility and mathematical tractability. It has widely applied to a variety of engineering 
problems. The generalized BW model and its extensions like the BWBN model have been used 
in the modeling and analysis of structural materials [10]. In Li et al. [13] study, Simulink was 
used to develop the BWBN model of the YSPD. The developed pinching model adopted in [13] 
provides a reasonable estimation of cumulative energy dissipation (i.e., within 10%). However, 
there were up to 16 parameters of the BWBN required to be calibrated to match with the 
experimental results. It requires a considerable length of time and computational resources to 
calibrate 16 parameters of the BWBN model. Therefore, this paper proposes an alternative 
approach to mimic the hysteretic behaviours of the passive energy dissipation systems by the 
use of artificial intelligence with fewer components to be calibrated. 
From historical point of view, moving average, autoregressive moving average and linear 
parametric were the common approaches for handling the time dependent problems before 
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1980s [14]. The algorithms of these approaches are linear and thus they are not applicable to 
predict the nonlinear time series problems. At the same time, artificial neural networks (ANNs) 
drew a lot of people attention due to the characteristic of non-linear and non-parametric in 
nature. ANNs do not require assumptions about the problem under investigation, given that 
they are data-driven adaptive models and can learn the non-linear behaviour of a system from 
the historical data of the system. ANNs are suitable for problems whose solutions do not 
require prior knowledge of the system and they have been proven to be universal function 
approximators [15], current application of the ANNs can be found in [16-18]. 
4. The architecture of NARX model 
Hysteretic systems have memory, the resisting force depends on both instantaneous 
deformation and past history of the deformation [11]. Therefore, the hysteretic behaviour of 
the passive control systems shall be suitable to be modelled by the NARX model. The NARX 
model is one of the recurrent artificial neural network models, which is a powerful class of 
model for time series prediction. It learns the behaviour of a system in a more effective way 
than other neural networks (i.e., the learning gradient algorithm is better in NARX) and also 
converges much faster and generalizes better than other networks [19]. Therefore, the NARX 
model is not only commonly applied in forecasting the time series cases but also important for 
the control of the dynamical systems. It has been demonstrated that they are capable to mimic 
the behaviours of the nonlinear dynamics systems and particularly useful for time series 
modelling [20-21].  
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The structure of the NARX model is similar to the traditional multi-layered perceptron 
(MLP) model. Among the various ANN models, the MLP model is one of the most widely used 
for forecasting due to its simple and flexible nature [22]. Both MLP model and NARX model 
consist of an input layer, a hidden layer and an output layer but the NARX model feeds the time 
history of the output signal to the input layer as part of the inputs. The current input signal 
together with its time history acts as the other part of the inputs to the model. The number of 
output neurons equals to the number of output variables of the problem to be solved. The 
number of hidden neurons is required to be determined by the user. Assume  𝛤 is the function 
of the NARX model. It correlates the input time series {𝑢𝑢𝑡𝑡}𝑡𝑡=0𝑇  and the output time series {𝑦𝑦𝑡𝑡}𝑡𝑡=0𝑇  by the equation (1).  
𝑦𝑦𝑡𝑡 = 𝛤 �𝑦𝑦𝑡𝑡−1,𝑦𝑦𝑡𝑡−2,⋯ , 𝑦𝑦𝑡𝑡−𝜏𝜏𝑦𝑦 ,𝑢𝑢𝑡𝑡,𝑢𝑢𝑡𝑡−1,⋯ ,𝑢𝑢𝑡𝑡−𝜏𝜏𝑢𝑢� (1) 
where 𝑢𝑢𝑡𝑡 and 𝑦𝑦𝑡𝑡 represent the input and output of the network at time 𝑡, the function 𝛤 is a 
nonlinear function,  𝜏𝑦 and 𝜏𝑢 are the required lengths of the time histories of the two time 
series.  
(Proposed location of Figure 4) 
The general architecture of the NARX model is shown in Figure 4. For this study, the 
output of the NARX model is the induced shear force across the dampers and the inputs of the 
NARX model is the time histories of the forced displacement and the induced shear force across 
the damper. Similar to the MLP model, each neuron has a bias input. The activation functions of 
the neurons in the input and output layers are linear while that of all hidden neurons is sigmoid 
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function. Once the number of hidden neurons is determined, the total number of the weighting 
factors between each neuron can also be found. For the learning process, the Levenberg-
Marquardt algorithm is adopted in this study due to the fast convergence properties. The 
performance index used in NARX model training is the mean squared error (MSE), which is one 
of the typical performance functions as shown in equation (2). 
𝑀𝑆𝐸 = 1
𝑁𝑠
�(𝑡𝑖 − 𝑦𝑦𝑖)2𝑁𝑠
𝑖=1
 (2) 
where 𝑡𝑖 and 𝑦𝑦𝑖 represent the target and the output of the network and  𝑁𝑠  is the number of 
training samples. 
5. Prediction of YSPD by the NARX model 
Section 2 detailed the design of the YSPD reported in [5], section 3 and 4 explained the 
reason of using the NARX model to mimic the hysteretic behaviour and the general architecture 
of the NARX model, respectively. This section presents the results which predicted by the NARX 
model. The experimental hysteretic responses of YSPD were reported in [5]. For comparing the 
results predicted by NARX with Li et al. [13], six of the specimens (i.e., 100-2C, 100-2CS, 100-3C, 
100-3CS, 120-2C and 120-3C) were used in the current study to evaluate the performance of 
the trained NARX model. After several trials, it was found that the optimal setting of the 
required lengths of the time histories of the two time series is 2 (i.e., 𝜏𝑦 = 𝜏𝑢 = 2). Therefore, a 
two-step-ahead prediction is adopted during the NARX model training process. The architecture 
of the NARX model adopted in this study to predict the hysteretic response of the YSPD is 
shown in Figure 5. Only one hidden neuron is used to develop the NARX model throughout this 
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study, in which the number of weighting factors to be calibrated for the prediction of hysteretic 
responses is 8 (i.e., 𝑤𝑤1 to 𝑤𝑤8).  
(Proposed location of Figure 5) 
The comparison of the experimental hysteretic responses in the cyclic tests of six YSPD 
and the prediction results by using the NARX model are shown in Figure 6. The crosses in Figure 
6 represent the target value which obtained from the experimental study in [5], while the solid 
lines represent the predicted output which estimated by the NARX model proposed in this 
study. A positive sign refers to downward induced shear force and displacement in the force-
displacement hysteresis. 
The predicted results of the NARX model show a good agreement with the experimental 
results. Both of the predicted result and experimental result of Specimen 100-2C exhibit 
reasonably stable hysteretic with a slightly pinched hysteretic near zero displacement in the last 
cycle (i.e., caused by shear buckling). Similar hysteretic behaviour can also be observed for the 
stiffened specimen 100-2CS. Specimens with thicker diaphragm plates (100-3C and 100-3CS) did 
not show buckling, but exhibit a more pronounced pinched hysteretic loops near the zero 
displacement due to localized deformation near the bolt connections. Specimen 120-2C and 
120-3C performed satisfactorily with state and large force displacement hysteretic. 
(Proposed location of Figure 6) 
Li et al. [13] used Simulink to develop the BW and BWBN models to mimic the hysteretic 
responses of YSPD.  There were up to 16 parameters of the BWBN required to be tuned to 
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match with the experimental results. In this study, we demonstrated how to use the NARX 
model with only one hidden neuron to mimic the hysteretic behaivour.  Table 2 compares the 
amount of cumulative energy dissipation predicted by using the BW and BWBN models 
developed in [13], the experimental results and the NARX models. The area of the hysteresis 
loops represents the cumulative energy dissipation by the passive energy dissipation systems. 
The results obtained by Li et al. [13] provide a good estimation of the cumulative energy 
dissipation, the absolute percentage error of the cumulative energy dissipation between the 
experimental results and the results predicted by the BWBN models is ranged from 0.57% to 
9.77% which is superior to the result predicted by the BW models (i.e., ranged from 2.43% to 
52.86%) as the pinching behaviour was also considered in the BWBN models. On the other hand, 
the trained NARX models with one hidden neurons provide a very promising estimation of the 
cumulative energy dissipation, the absolute percentage error of the cumulative energy 
dissipation between the experimental results and the results predicted by the NARX models is 
ranged from 0.00% to 0.75% for all specimens. It shows a better performance than both BW 
and BWBN models with only total 8 numbers of weighting factors to be calibrated. The poor 
performance of BW and BWBN models may be caused by the over-simplification of the 
hysteretic behaviour in the differentiation equations of the BW and BWBN models.  
(Proposed location of Table 2) 
6. Prediction of SSD by the hybrid model 
Section 5 presented the prediction of the hysteretic behaviour of the YSPD by the NARX 
model. The prediction results depicted the applicability of the NARX model in hysteretic 
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behaviour prediction of passive control systems. In this section, we combine the NARX model 
and the GRNN model as a hybrid model to predict the mechanical response of a new damper 
design of which the geometrical parameters of the damper was hidden from the NARX model 
training. In this study, we adopted the experimental results of SSD from [3] to benchmark the 
performance of the hybrid model. The design of the experiment of the SSD is introduces as 
follows.  
Figure 7 shows the design of the Steel Slit Damper. It is fabricated from a standard 
structural I-section with a number of slits introduced the web, forming a vierendeel truss 
arrangement. The strips are filleted to reduce stress concentrations. Each flange is connected to 
the main structure by four structural bolts. It is a weld-free design, eliminating heat-affected 
imperfections associated with welding. 
(Proposed location of Figure 7) 
Table 3 summaries the dimensions of the six specimens (i.e., SL-01 to SL-06) presented 
in this study. To eliminate variability in material properties, all specimens were cut from the 
same structural I-section (152 × 152 × 37 Universal Column to BS4449). Strip thickness 𝑡 and 
material strengths of all specimens were assumed equal. Four 16 mm diameter holes were 
drilled on each flange. Two standard test coupons were taken from the web of the section. An 
average tensile yield stress of 316.5 N/mm2 and an average Modulus of Elasticity of 206.1 
kN/mm2 were obtained by standard tensile tests. Each specimen weighed approximately 2.2 kg. 
Readers may refer to [3] for the details of the experiment. 
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(Proposed location of Table 3) 
Figure 8 shows the domain of the geometrical parameters of the SSD reported in [3]. It 
can be observed that specimen SL-02 is laid slightly outside the boundary of the domain. In 
general, the ANN models are developed from the historical data of a system. The ANNs can 
perform very well for the prediction inside the domain of a system, but not outside the domain 
of the system. Therefore, we propose to use the hybrid model to predict the hysteretic 
behaviour of specimen SL-02 from the experimental data of specimens SL-01, SL-03 to SL-06 as 
the hysteretic behaviour of specimen SL-02 is the nearest specimen to the boundary of the 
domain. 
(Proposed location of Figure 8) 
The hybrid model proposed in this study for mimicking the hysteretic behaviour of the 
SSD is a combination of the NARX model and the GRNN model. The GRNN was presented by 
Specht in 1991 [24], which is a memory-based network. It provides estimate of continuous 
variable and converges to the underlying regression surface even with sparse sample. The 
GRNN recruits every training sample as a kernel in its model, and thus users do not need to 
predefine the network structure. It has been successfully applied to a variety of fields such as 
image processing, non-linear adaptive control and machinery fault diagnosis owing to the 
simple network structure, fast network training time, powerful regression properties, and ease 
of implementation [25-27]. 
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The GRNN model, in fact, computes the expected conditional mean of a probability 
distribution in condition with the given input vector. The key step of the GRNN model is to 
establish the probability distribution density of the joint input and output spaces according to 
the information of the training samples. Parzen density estimator [28] is employed for the 
density establishment. Assume { } ℜ∈= nxxx ,,, 21 X  are samples taken from a one 
dimensional domain with underlying probability density function  Ŷ(𝑋), the fundamental 
formulation of the GRNN is deduced as follows. 
Ŷ(𝑿𝑿) = ∑ 𝑌𝑖𝑒(−𝐷𝑖2/2𝜎2)𝑁𝑠𝑖=1
∑ 𝑒(−𝐷𝑖2/2𝜎2)𝑁𝑠𝑖=1  (3) 
𝐷𝑖
2 = �𝑿𝑿 − 𝑿𝑿𝑖�T�𝑿𝑿 − 𝑿𝑿𝑖� (4) 
where Ŷ(𝑿𝑿) is the desired conditional mean associated with the input 𝑿𝑿, 𝜎 is the smoothness 
parameter (i.e., the kernel width of the Gaussian function), 𝑁𝑠 is the number of training 
samples, and 𝐷𝑖  is the Euclidean distance between the training sample, 𝑿𝑿 and the point of 
prediction 𝑿𝑿𝑖. Different from the traditional MLP or NARX model, once the input of GRNN is 
given, GRNN is capable to determine the architecture and weights by itself. Therefore, training 
GRNN is essentially to optimize the smoothness parameter only, to obtain the optimal 
regression prediction. 
The GRNN model is proposed to combine with the NARX model as a hybrid model to 
predict the hysteretic response of SSD of which the damper design was hidden from the NARX 
model training. The network structure of the hybrid model is similar to the GRNN model. From 
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equation (3) and (4), the hybrid model is constructed as shown in Figure 9. It is with multi 
inputs and one single output, and consists of 4 layers of neurons, namely input, pattern, 
summation and output layer.  
In this study, the number of the input units in input layer is 2. These 2 neurons represent 
the geometrical parameters (i.e., strip length, 𝑙𝑙𝑂 and the strip depth, 𝑑) of the specimen SL-02, 
respectively.  The input layer is connected to the pattern layer and in this layer each neuron 
presents a training pattern and its output. There are total 5 numbers of neurons in the pattern 
layer (i.e., specimen SL-01, SL-03 to SL-06 and specimen SL-02 was hidden during the model 
training process). They calculate the Euclidean distance of the training sample from the 
neuron’s center and apply the Gaussian function with the predefined smoothness parameters 
(i.e., 𝑒(−𝐷𝑖2/2𝜎2)). The resulting value is then passed to the neurons in the summation layer. In 
the summation layer, the numerator summarizes the products of weight values and the 
resulting values obtained from the pattern layer. In which, the weights ({𝑦𝑦1}, {𝑦𝑦3} to {𝑦𝑦6}) 
between the pattern layer and the numerator are the time series obtained by the NARX models 
presented in section 5. For example, the time series {𝑦𝑦1} is obtained by the NARX model which 
developed from the time histories of the displacement and the induced shear force of specimen 
SL-01 reported in [3]. The denominator also summarizes the products of weight values and the 
resulting values obtained from the pattern layer. But in this case, the weights on the signals 
going into the denominator neuron are one. Finally, the output layer divides the accumulated 
value in the numerator by the value in the denominator and the time series of the induced 
shear force of specimen SL-02 can be obtained. 
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(Proposed location of Figure 9) 
(Proposed location of Figure 10) 
After several trials, the smoothness parameter (𝜎) was determined to be 50. Figure 10 
shows the hysteretic behaviours of the dampers predicted by the NARX model and GRNN. Table 
4 compares the amount of cumulative energy dissipation predicted by using the hybrid model 
and the experimental results. The amount of cumulative energy dissipation predicted by using 
NARX models and the hybrid are also presented to benchmark the performance of the hybrid 
model. The trained NARX models with only one hidden neuron provide very a promising 
estimation of the cumulative energy dissipation, the absolute percentage error of the 
cumulative energy dissipation between the experimental results and the results predicted by 
the NARX models is ranged from 0.00% to 0.30% for all the specimens of the SSD. The 
performance of using the hybrid model to predict the hysteretic behaviour of SSD is reasonably 
well. The absolute percentage error of the cumulative energy dissipation between the 
experimental results and the results predicted by the hybrid models of specimen SL-02 is 6.97%. 
It concluded that the application of the hybrid model is capable to predict the hysteretic 
behaviour of a new design of passive control systems. 
(Proposed location of Table 4) 
7. Application of the hybrid model to optimize the geometry of the SSD 
This section demonstrates the application of the developed hybrid model with GAs [29] 
for passive control system design. The advantage of GAs over conventional searching 
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algorithms is that GAs can deal with a wide range of areas and are able to find ‘acceptable’ 
solutions in a reasonable time. They have also been shown to be superior to conventional 
optimisation techniques, especially for discontinuous and noisy functions [30].  
The passive control system is designed for minimizing the damage of the structures 
caused by earthquake excitation, the larger the energy dissipated by the damper, the better the 
performance of the passive control system is. To mitigate the energy generated during the 
earthquake, the designer is required to determine the geometrical parameters of the passive 
control damper properly. We propose to use the developed hybrid model with GAs to optimize 
the geometrical parameters of the SSD reported in [3], such that the energy dissipation can be 
maximized. Equation 5 is the fitness function to be minimised in the GAs optimisation to 
achieve this design objective. It can be approximated by using the numerical method as shown 
in equation 6. Therefore, the result is converged if the fitness value reaches the minimum. 
𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑣𝑎𝑙𝑙𝑢𝑢𝑒 = 1
∫ 𝑓(𝑥)𝑑𝑥𝑏𝑎  (5) 
� 𝑓(𝑥)𝑑𝑥𝑏
𝑎
  ≈  ∑ (𝑓𝑖+1 − 𝑓𝑖)𝑏−𝑎∆𝑥𝑖=1 2  (6) 
As explained in section 6, ANN models are developed from the historical data of a 
system. They perform well for the prediction inside the domain of a system. Therefore, some 
constraints are listed as follow to provide a bounded condition for the optimization: 
1. Lower Boundary is added to ensure the minimum strip depth and length is within the 
boundary of the domain as reported in [3] (i.e., b ≧ 14.9mm and l0 ≧ 77.0mm). 
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2. Upper Boundary is added to ensure the maximum strip depth and length is within the 
boundary of the domain as reported in [3] (i.e., 𝑏𝑏 ≦ 16.9mm and 𝑙𝑙0 ≦ 99.2mm). 
The optimization process involve both of the hybrid model and GA model.  The main 
purpose of the hybrid model is to estimate the cumulative energy dissipation of the SSD and 
the GA model is to search the optimum strip depth and length to minimize the fitness function 
as shown in equation 5. During the optimization process, the fitness value is converged at 
approximately 12 generation and the best fitness value is 1.6719 x 10-4 (i.e., the cumulative 
energy dissipation is 5969.47 kJ.  The optimised strip depth and length are 16.8853 and 77.0002, 
respectively. The process of optimization is shown in Figure 12. 
8. Conclusion 
In this paper, the hysteretic behaviour of the passive control systems in structures is 
proposed to be modelled by the NARX model. The performance of the prediction is evaluated 
and the prediction results show a good agreement between the experimental results and the 
predicted outputs for both YSPD and SSD. The maximum absolute percentage error of the 
cumulative energy dissipation between the experimental results and the results predicted by 
the NARX models of the YSPD and SSD are 0.75% and 0.30%, respectively. It indicates a reliable 
prediction to the experimental results by using the NARX model. We also presented the hybrid 
model which is the combination of the NARX model and GRNN model to predict the hysteretic 
behaviour of SSD of which the damper design was hidden from the NARX model training. The 
hysteretic behaviour of the SSD can also be successfully modelled by the hybrid model. The 
absolute percentage error of the cumulative energy dissipation between the experimental 
results and the result predicted by the hybrid model is 6.97%, which is a reasonably good 
19 
prediction. Finally, the applicability of the hybrid model has been successfully demonstrated 
through the optimisation of the geometrical parameters of the SSD.  
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Figure 1     Frame-brace-device assembly 
 
26 
 
Figure 2     Design of the YSPD (a) Elevation (b) Top view (c) Deformed shape 
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Figure 3     Overview of the experimental setup 
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Figure 4     General architecture of the NARX model 
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Figure 5     Architecture of the NARX model adopted in this study 
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Figure 6 Hysteretic behaviours of the specimens (100-2C to 120-3C) of YSPD predicted by 
the NARX model 
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Figure 7     Design of the SSD (a) Elevation (b) Top view 
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Figure 8     Domain of the geometrical parameters of the SSD 
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Figure 9    Architecture of the hybrid model (GRNN model with NARX model) 
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Figure 10 Hysteretic behaviours of the SSD (SL-02) predicted by the hybrid model  
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Figure 11 Fitness value versus generation during the optimisation process 
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Table 1     Dimensions of the test specimens (unit: mm) of YSPD 
Test number Specimen SHS Test regime 
1 100-0M 
100 x 100 x 4 Monotonic 2 100-2M 3 100-3M 
4 100-4M 
5 100-0C 
100 x 100 x 4 Cyclic 
6 100-2C 
7 100-3C 
8 100-4C 
9 100-2CS 
10 100-3CS 
11 100-4CS 
12 120-0M 
120 x 120 x 5 Monotonic 13 120-2M 14 120-3M 
15 120-4M 
16 120-0C 
120 x 120 x 5 Cyclic 17 120-2C 18 120-3C 
19 120-4C 
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Table 2 Comparison of hysteretic energy dissipation of YSPD from different models  
Specimen Experimental results 
Energy Dissipation in kJ, (Absolute percentage error) 
BW model BWBN model NARX with one hidden neuron 
100-2C 6.99 7.16 (2.43%) 
 
6.95 (0.57%) 
 
6.98 (0.14%) 
 100-3C 1.33 1.92 (44.36%)  
1.46 (9.77%) 
 
1.32 (0.75%) 
 100-2CS 5.73 6.92 (20.77%)  
5.79 (1.05%) 
 
5.73 (0.00%) 
 100-3CS 5.94 9.08 (52.86%)  
6.39 (7.58%) 
 
5.93 (0.17%) 
 120-2C 6.23 7.28 (16.85%)  
6.45 (3.53%) 
 
6.21 (0.32%) 
 120-3C 6.51 7.65 (17.51%)  
7.10 (9.06%) 
 
6.49 (0.31%) 
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Table 3     Dimensions of the test specimens (unit: mm) of SSD 
Specimen ID 
Measured dimensions 
𝑏𝑏/𝑙𝑙𝑂 
web thickness, 𝑡 strip depth, 𝑏𝑏 strip length, 𝑙𝑙𝑂 
SL-1 8.0 14.9 97.0 0.155 
SL-2 8.0 15.0 87.1 0.172 
SL-3 8.0 15.1 77.0 0.195 
SL-4 8.0 16.9 99.2 0.172 
SL-5 8.0 16.8 88.3 0.191 
SL-6 8.0 16.5 79.0 0.215 
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Table 4 Comparison of hysteretic energy dissipation of SSD from different models  
Specimen Experimental results 
Energy Dissipation in kJ, (Absolute percentage error) 
 NARX with one hidden neuron 
 
Hybrid model (NARX 
with GRNN models) 
 SL-01 8.17  8.18 (0.12%) 
 
-  
SL-02 6.60  6.62 (0.30%) 
 
7.06 (6.97%)   
SL-03 5.95  5.96 (0.17%) 
 
- 
 SL-04 8.92  8.92 (0.00%) 
 
-  
SL-05 6.79  6.79 (0.00%) 
 
-   
SL-06 7.38  7.40 (0.27%) 
 
-   
 
